Abstract: Several previous studies have discussed the challenges in remotely sensed soil moisture retrievals over northern boreal environments. However, very few studies have focused solely on an evaluation of these products specifically over these areas. This study provides an in-depth evaluation of the European Space Agency's (ESA) Climate Change Initiative (CCI) Soil Moisture (SM) product and its components; ACTIVE and PASSIVE soil moisture retrievals. The performance of a spatially distributed soil moisture model (SAC-SMA) is first validated with in situ observations collected from the Finnish Meteorological Institute's (FMI) multidisciplinary research center near the town of Sodankylä, in Northern Finland. SAC-SMA model top soil layer moisture estimates are then used for spatially distributed ESA CCI SM product evaluation. The study domain covers an area of 155 km by 140 km. Evaluation is performed for thawed/snow-free periods between 2003 and 2015. The ACTIVE product exhibits high correlations with SAC-SMA soil moisture estimates during most analyzed years. The presence of high inter-pixel soil moisture time series cross-correlation, even between pixels with very different soil/vegetation type distributions, as well as the inconsistent performance between analyzed years, is problematic. The PASSIVE product is able to more consistently capture the trend in soil moisture variation; although the trend is seemingly captured, the rapid response to precipitation events is less accurate. Our results indicate that, in contrast to other previous studies, despite the challenges, the ESA CCI SM products do exhibit reasonably good performance, and that further improvements, even with current Earth Observation methods, may be possible.
Introduction
Remotely sensed data, such as the European Space Agency's (ESA) Climate Change Initiative (CCI) Soil Moisture (SM) data product (ESA CCI SM), require evaluation in different climatic regions by means of in situ observations and/or through validated soil moisture models. Several previous studies, e.g., [1] [2] [3] [4] [5] , have shown poor performances for remotely sensed soil moisture datasets over northern boreal environments and at high latitudes (>60 • N). For example, [3] reported a very low average correlation value of −0.24 between in situ observations made in Sodankylä, Finland and the ESA CCI SM product between the years 2007 and 2009. Similarly, [2] reported average correlation values of less than 0.2 for ASCAT soil moisture retrievals with in situ observations in Sodankylä between the years 2007 and 2009. Typically, studies that include evaluation sites in boreal environments (including the aforementioned) do not go be beyond a relatively simple, single pixel/point scale evaluation, or beyond an evaluation against readily available global scale land surface model data, e.g., [1, 6] , which
The error properties of the ACTIVE and PASSIVE products are used to derive the weights of each observation to allow for a dynamic weighted average. These error properties are determined through triple collocation analysis. This so-called SNR (Signal to noise Ratio) blending scheme enables the blending of more than two retrievals available at the same time [8, 12] . A major shortcoming of all of the ESA CCI SM products is the large amount of missing data (see Table 1 ). The percentage of missing data for the analysed period (1 June to 30 September) on a year-by-year basis, between 2003 and 2015 for the ACTIVE product, ranges from 10 to 87% with an average of 32%. The corresponding missing data percentage for the PASSIVE product is also large, ranging from 10 to 55% with an average of 24%. There is a clear trend in the triple collocation procedure in favouring PASSIVE soil moisture retrievals for the latter years of the analysis period, although there is a clearly observable increasing missing data trend for PASSIVE soil moisture retrievals for the same period. Subsequently, ACTIVE soil moisture retrievals are favoured during the first years of the analysis period although these years exhibit the largest amount of missing data. As a consequence, the COMBINED product sustains a high average yearly percentage of missing data through-out the analysis period, ranging from 37 to 88%, with an average of 59%.
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In Situ Soil Moisture Observations
The soil moisture stations within the Sodankylä Calibration-Validation (CAL-VAL) site are equipped with Campbell Scientific Ltd. CR850 and CR1000 data loggers, as well as Decagon 5TE and GS3 electromagnetic and Campbell Scientific Ltd. CS655 digital soil moisture sensors. Each station has one vertical measuring profile and two additional horizontal measuring points. The vertical profiles have five sensors placed close to the station at the following depths: −80, −40, −20, −10, and −5 cm in mineral and semi-organic soils; and at −40, −30, −20, −10, and −5 cm in organic soils. The two additional horizontal measuring points, at depths of −10 cm and −5 cm, have been installed approximately ten meters from the station in opposing directions in order to catch small-scale variations in top soil moisture. Currently, ten soil moisture stations have been installed around the Sodankylä CAL-VAL site. The first stations were installed in August 2011. In this study, data from only six stations are used since the first new station was installed in 2015 and the other three have been installed during the autumn of 2016. Data from these are therefore beyond the temporal scope of this study. See Table 2 for a list of the stations and their soil/land cover representativeness, in addition to the sensor types used in this study. A more detailed description of the Sodankylä CAL-VAL soil moisture observation network and its instrumentation is provided in [4] . Figure 1 depicts the locations of the CAL-VAL sites used in this study and the location of the Sodankylä region/study domain. 0  70  66  13  2006  100  0  73  70  10  2007  52  48  39  11  16  2008  53  47  65  13  18  2009  54  46  64  11  17  2010  52  48  38  11  18  2011  52  48  37  10  14  2012  19  81  59  10  55  2013  11  89  50  20  42  2014  11  89  55  21  47  2015  11  89  53  20  45   Table 2 . Stations names, representative soil and vegetation cover types, and start of observations (month/year). The sensor types are given as: Decagon Devices Inc. 5TE (5TE), Campbell Scientific Ltd. CS655 (CS655), and Decagon Devices Inc. GS3 (GS3). 
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The SAC-SMA Model
A spatially distributed (gridded) version of the "Sacramento Soil Moisture Accounting Model" (SAC-SMA) [13] coupled with a potential evapotranspiration model based on Hamon's approach in [14] form the modelling components used in this study. Each SAC-SMA model grid cell contains separate soil/vegetation type tiles used to compute sub-grid cell soil moisture fluctuations. The spatial coverage (size) of each individual tile varies from grid cell to grid cell based on the distribution of soil types within each grid cell.
With the SAC-SMA model, we calculate mineral soil and shallow rocky soil tile soil moisture through two conceptual vertical soil zones; an upper zone representing short-term surface soil and interception storage, and a lower zone representing deeper root zone soil moisture storages. The zones have free water and tension water elements, where the free water (fast flow component) is predominantly driven by gravitation forces, but may also be depleted by evapotranspiration, percolation, and horizontal flow, while the tension water (slow flow component) is driven by evapotranspiration and diffusion. Organic and semi-organic soil tile soil moisture is calculated with a single conceptual soil moisture storage (represented by an impervious area fraction parameter "ADIMP" in the model) that can only be depleted by evapotranspiration and horizontal flow. A conceptualization of the SAC-SMA model and our implementation is provided in Figure 2 .
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With the SAC-SMA model, we calculate mineral soil and shallow rocky soil tile soil moisture through two conceptual vertical soil zones; an upper zone representing short-term surface soil and interception storage, and a lower zone representing deeper root zone soil moisture storages. The zones have free water and tension water elements, where the free water (fast flow component) is predominantly driven by gravitation forces, but may also be depleted by evapotranspiration, percolation, and horizontal flow, while the tension water (slow flow component) is driven by evapotranspiration and diffusion. Organic and semi-organic soil tile soil moisture is calculated with a single conceptual soil moisture storage (represented by an impervious area fraction parameter "ADIMP" in the model) that can only be depleted by evapotranspiration and horizontal flow. A conceptualization of the SAC-SMA model and our implementation is provided in Figure 2 . 
SAC-SMA Model Parametrization
The parameters for the SAC-SMA model were derived from a semi-physical a-priori parametrization scheme originally developed by [15] . The a-priori parametrization scheme requires as the input soil water characteristics; wilting point (WP), field capacity (FC), saturation point (SP), 
The parameters for the SAC-SMA model were derived from a semi-physical a-priori parametrization scheme originally developed by [15] . The a-priori parametrization scheme requires as the input soil water characteristics; wilting point (WP), field capacity (FC), saturation point (SP), water holding capacity between the wilting point and field capacity (TENS-CAP), water holding capacity between field capacity and saturation (GRAV-CAP), specific yield (SY), saturated hydraulic conductivity (SAT-COND), and a descriptive hydrological soil/land cover parameter CN (curve number). The curve number (often simply referred to as CN) is an empirical parameter used in hydrology for predicting direct runoff or infiltration from rainfall excess (see e.g., [16] ).
The calculation of soil water characteristics is based on soil texture, as well as organic matter and gravel content. The required soil water characteristics were calculated using the formulas described in [17] . The data for soil water characteristics calculation and CN estimation were derived from soil texture properties data and land cover information provided in the national GTK Quaternary deposits dataset, northern Finland MTT (Agrifood Research Finland) pedogenic soil dataset, Corine 2006 land cover dataset, and from in situ field campaigns in and around the Sodankylä region. Table 3 provides the input parameter values for soil water characteristics calculations and Table 4 the input parameter values for the parametrization scheme. The spatial distribution and creation of the combined soil/land cover dataset is described in detail in [4] . 
Methods
The ESA CCI SM product(s) evaluation domain covers an area of 155 km by 140 km and encloses 70 ESA CCI soil moisture product pixels/SAC-SMA model grid cells. Each SAC-SMA model grid cell is divided into a maximum of 14 soil/vegetation density type tiles representing cross combinations of the four main mineral soil types (Fine Haplic Podzol, Coarse Haplic Podzol, Haplic Arenosol, and Eutric Regosol) and three primary vegetation density types (dense, sparse, and open), as well as separate tiles for semi-organic and organic soil and shallow rocky soils. A spatially distributed evaluation is performed against both the ESA CCI COMBINED product and against its components; ACTIVE and PASSIVE soil moisture retrievals. The results of the evaluation and the ESA CCI SM products are further analyzed for spatial patterns using multiple linear regression and spatial auto-correlation analysis.
The generation of the ESA CCI SM COMBINED product involves blending the ACTIVE and PASSIVE components into one final data set together with GLDAS-Noah v1 model estimates with a cumulative distribution function (CDF) matching approach. This imposes GLDAS-Noah v1 model-based absolute value ranges on the original EO observations [9] . It is stated that the use of GLDAS-Noah v1 model data to impose absolute soil moisture values to the ESA CCI data product renders statistical comparison metrics, such as root mean square difference and bias, somewhat scientifically meaningless. The ESA CCI soil moisture product should in fact be used and considered as a reference product for computing correlation statistics, not as an absolute soil moisture content estimate [18] . With the ESA CCI SM product version v03.2 (used in this study), the final merged ACTIVE product is provided separately as a percent of saturation time series, i.e., values ranging from 0 to 100. The PASSIVE and COMBINED products are provided as volumetric soil moisture. Due to these issues and the stated purpose of the ESA CCI SM product, this study focuses on an evaluation of the ESA CCI SM products through correlation metrics.
The relative areas of each SAC-SMA model tile within the ESA CCI SM pixel are used to calculate a single spatially weighted average top soil moisture value. We assume that moisture in the SAC-SMA model's upper zone free and tension water storage soil layers represent top soil moisture for mineral soil tiles. Since we calculate organic and semi-organic soil moisture with a single soil moisture storage, we assume that the relative soil moisture content in those storages corresponds to in situ top soil layer measurements. We define the size of the upper zone mineral storage, as well as organic and semi-organic soil moisture storages, as part of the a-priori parametrization scheme. We conduct the SAC-SMA model runs without any calibration or deviation from a-priori parametrization to maintain consistency between model grid cells and to avoid biases caused by calibration to the observations. The model runs are driven by FMI interpolated daily 10 km resolution precipitation and 2 m temperature observations [19] and 12-hourly ECMWF ERA Interim sunshine hours data [20] .
SAC-SMA Model Evaluation
Evaluation of the SAC-SMA model is fundamental for correctly interpreting the outcomes of the spatially distributed ESA CCI SM evaluation results. We use SAC-SMA model soil moisture estimates from one ESA CCI SM pixel, covering an area of 26 km (north-south) by 10 km (west-east), encapsulating the Sodankylä CAL-VAL site, to evaluate the accuracy of simulated soil moisture. This pixel is hereafter referred to as the "SOD-reference pixel". The performance of the SAC-SMA model is evaluated by comparing in situ observations with SAC-SMA model estimates for six out of 14 SAC-SMA model tiles; those corresponding to in situ observations sites, present in the SOD-reference pixel. Evaluation is conducted on a year-by-year basis for snow-free, thawed periods (1 June-30 September), between 2012 and 2015, using correlation coefficients as the statistical metric of interest. In situ soil moisture observations are taken from sensors at a depth of 5 cm except for stations on semi-organic soils (UG stations). For these, sensors at a depth of 5 cm are in the soil profiles O-horizon and mainly measure water content in the organic layer, which itself is very porous, and measurements at this depth do not reflect the moisture content of soil. For UG stations, we therefore take top soil moisture measurements at a depth of 10 cm.
In addition to SAC-SMA model evaluation based on individual in situ observations, in situ observations and those SAC-SMA tiles representing them have been combined using a weighting scheme based on spatial representativeness to form a single soil moisture field representing an average soil moisture value for the SOD-reference pixel. We defined in situ soil moisture weights based on percentages of composite classes of prevailing soil and vegetation type information within the pixel. We provide the weights used with this method in Table 1 . We redistribute the applied weights when new stations are added to the network. In practice, in reference to this study, only one new station was added; UG Forest 2. Since the six in situ station observations (including the UG Forest 2 station) do not conceptually provide 100% coverage, many assumptions have been made and we have added missing soil/vegetation type composite class weights to available stations based on similarities with other missing soil/vegetation types. A similar approach was also taken by [4] . This approach is, however, only adopted for in situ observation-based SAC-SMA model evaluation, whereas all SAC-SMA model tiles are used in spatially distributed evaluations of the ESA CCI SM products.
Results
A spatially distributed version of the SAC-SMA model is used to assess the variability in ESA CCI SM product performance across the study domain. The performance of the SAC-SMA model is evaluated through comparison against in situ observations in a single ESA CCI SM product pixel. The results of distributed evaluation and the ESA CCI SM products are further analysed for spatial patterns using multiple linear regression and spatial auto-correlation analysis.
SAC-SMA Model Performance
We evaluate SAC-SMA model performance with individual in situ site observations, as well as spatially weighted in situ soil moisture fields using soil/vegetation composite SAC-SMA tiles. In Table 5 are high, ranging from 0.70 to 0.90 for mineral soils and from 0.77 to 0.94 for semi-organic (UG station) soils. For organic (bog) sites, the correlations with in situ observations are generally lower with a wider distribution; ranging from 0.32 to 0.97. In particular, it is noteworthy that the correlation of SAC-SMA soil moisture estimates with both bog sites during 2015 are poor at only 0.51 for the open bog site and 0.32 for the forested bog site. The average correlation between SAC-SMA soil moisture estimates and in situ observations for all but the bog sites is high at over 0.8, while the lower average correlation with bog sites is largely due to observations made during 2015. It should, however, be noted that measuring/estimating soil moisture in organic soils (bogs) is challenging with in situ observations and models alike. The top layer (5-10 cm) soil moisture in bogs tends to differ significantly, depending on which part of a bog is being measured. In particular, providing an average soil moisture estimate for bogs with the type of generalized conceptual model used in this study is challenging since the model is unable to differentiate between different parts of a bog. Therefore, comparisons against individual bog (organic soils) in situ sites is somewhat meaningless, but necessary in order to understand the range of differences between in situ measurements and modelled estimates. The average weighted correlation with in situ observations is, however, very high, at over 0.9 for all analysed years. A time series of weighted top layer soil moisture in situ observations and corresponding weighted SAC-SMA tiles is provided in Figure 3 . A time series of weighted average top layer SAC-SMA soil moisture using all 14 tiles present in the SOD-reference pixel is also provided in Figure 3 as an illustration of the effect of using all available simulated data. In view of the evaluation results, although there is a clear tendency for simulated soil moisture to exhibit more fluctuation (particularly when all 14 SAC-SMA tiles are used), we argue that using SAC-SMA model simulated soil moisture estimates in place of actual in situ measurements is warranted and that extrapolation of ESA CCI SM product evaluation beyond the SOD-reference pixel and evaluation time period (2012-2015) can be considered as at least as reliable as performing evaluations with in situ measurements alone. 
Evaluation of ESA CCI SM Products
We conduct a spatially distributed evaluation of the ESA CCI SM COMBINED product and its components; ACTIVE and PASSIVE soil moisture retrievals for thawed/snow-free periods between 2003 and 2015 using SAC-SMA model top-layer soil moisture as the reference dataset. The 70-pixel aggregate yearly average correlation between the ESA CCI SM COMBINED product and SAC-SMA model top layer soil moisture estimates varies significantly; from 0.035 to 0.512. The highest 70-pixel aggregate yearly correlation is reached during 2011 and the lowest correlation is observed for 2007 (see Figure 4) . The average 15 year 70-pixel aggregate correlation with SAC-SMA model soil moisture 
We conduct a spatially distributed evaluation of the ESA CCI SM COMBINED product and its components; ACTIVE and PASSIVE soil moisture retrievals for thawed/snow-free periods between 2003 and 2015 using SAC-SMA model top-layer soil moisture as the reference dataset. The 70-pixel aggregate yearly average correlation between the ESA CCI SM COMBINED product and SAC-SMA model top layer soil moisture estimates varies significantly; from 0.035 to 0.512. The highest 70-pixel aggregate yearly correlation is reached during 2011 and the lowest correlation is observed for 2007 (see Figure 4) . The average 15 year 70-pixel aggregate correlation with SAC-SMA model soil moisture estimates for the ESA CCI SM COMBINED product is relatively low at 0.34. The 70-pixel aggregate correlation of the ACTIVE product ranges from 0.07 to 0.67, with an average of 0.37. The highest correlation is achieved in 2012, while the lowest correlation is reached in 2004 (see Figure 5 ). The PASSIVE product soil moisture correlation with SAC-SMA model top layer soil moisture estimates ranges from −0.27 to 0.43, with an average of only 0.22 (see Figure 6 ). As with the ESA CCI SM COMBINED product, the lowest 70-pixel aggregate correlation for the PASSIVE products is reached in 2007. The highest aggregate yearly correlation, as with the ACTIVE product, is achieved in 2012. There exists a considerable amount of variation in terms of the correlation between the pixels and high 15-year average standard deviation in some pixels for all ESA CCI SM products. With the ESA CCI SM COMBINED product, the average standard deviation is 0.34, while for the ACTIVE product it is 0.37 and for the PASSIVE product it is 0.22. Particularly noteworthy is the fact that pixels with a low average annual correlation with SAC-SMA model top soil layer estimates, often have a higher standard deviation of correlation between the analysis years. A noticeable positive trend towards improved performance for latter years for all of the ESA CCI SM products can be observed. However, with the ACTIVE product, this trend is far clearer (see Figures 4-6) . Although the highest and lowest correlation years for the ACTIVE and PASSIVE products do not match, both the ACTIVE and PASSIVE products exhibit poor performance during 2004, 2007, and 2014. There exists no distinguishable common meteorological factors or anomalies between the years that can explain this finding, rendering it challenging to assess the reasons for poor performance, at least in terms of a single explanatory factor affecting both soil moisture retrieval methods. From Figures 4-6 , it can also be observed that there is no clearly discernible geographical trend in correlation with SAC-SMA model top layer soil moisture estimates for any of the ESA CCI SM products. There exists a considerable amount of variation in terms of the correlation between the pixels and high 15-year average standard deviation in some pixels for all ESA CCI SM products. With the ESA CCI SM COMBINED product, the average standard deviation is 0.34, while for the ACTIVE product it is 0.37 and for the PASSIVE product it is 0.22. Particularly noteworthy is the fact that pixels with a low average annual correlation with SAC-SMA model top soil layer estimates, often have a higher standard deviation of correlation between the analysis years. A noticeable positive trend towards improved performance for latter years for all of the ESA CCI SM products can be observed. However, with the ACTIVE product, this trend is far clearer (see Figures 4, 5, and 6 ). Although the highest and lowest correlation years for the ACTIVE and PASSIVE products do not match, both the ACTIVE and PASSIVE products exhibit poor performance during 2004, 2007, and 2014. There exists no distinguishable common meteorological factors or anomalies between the years that can explain this finding, rendering it challenging to assess the reasons for poor performance, at least in terms of a single explanatory factor affecting both soil moisture retrieval methods. From Figures 4, 5, and 6 , it can also be observed that there is no clearly discernible geographical trend in correlation with SAC-SMA model top layer soil moisture estimates for any of the ESA CCI SM products. There exists a considerable amount of variation in terms of the correlation between the pixels and high 15-year average standard deviation in some pixels for all ESA CCI SM products. With the ESA CCI SM COMBINED product, the average standard deviation is 0.34, while for the ACTIVE product it is 0.37 and for the PASSIVE product it is 0.22. Particularly noteworthy is the fact that pixels with a low average annual correlation with SAC-SMA model top soil layer estimates, often have a higher standard deviation of correlation between the analysis years. A noticeable positive trend towards improved performance for latter years for all of the ESA CCI SM products can be observed. However, with the ACTIVE product, this trend is far clearer (see Figures 4, 5, and 6 ). Although the highest and lowest correlation years for the ACTIVE and PASSIVE products do not match, both the ACTIVE and PASSIVE products exhibit poor performance during 2004, 2007, and 2014. There exists no distinguishable common meteorological factors or anomalies between the years that can explain this finding, rendering it challenging to assess the reasons for poor performance, at least in terms of a single explanatory factor affecting both soil moisture retrieval methods. From Figures 4, 5 , and 6, it can also be observed that there is no clearly discernible geographical trend in correlation with SAC-SMA model top layer soil moisture estimates for any of the ESA CCI SM products. 
Spatio-Statistical Pattern Analysis
We explore the dependency of PASSIVE and ACTIVE soil moisture retrieval performance to differences in soil/vegetation type tile coverage within each SAC-SMA model grid cell (i.e., ESA CCI SM product pixel). This is explored in order to determine if any specific soil/vegetation combination(s) are a factor in determining ESA CCI SM product correlation with SAC-SMA model soil moisture, i.e., does the domination of some soil/vegetation type combination within a pixel increase or decrease ESA CCI SM data product performance. With this assessment, for simplicity and since mineral soil/vegetation tile soil moisture correlate strongly with each other, all mineral soil/vegetation tiles (excluding shallow soils) are merged into a single "mineral soils" tile. In Figure 7 , we provide diagrams of major soil/vegetation type fraction sizes against ACTIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture estimates. A best fit trend line along with the equation describing the relationship and the R-squared value is also provided. From Figure 7 , we can deduce that there exists a significant exponential relationship (R-squared value of 0.8378) between ACTIVE soil moisture retrieval correlations with SAC-SMA model top layer soil moisture estimates and the size of the shallow soils fraction in a pixel. The relationship is given as:
where, y is the correlation of ACTIVE soil moisture retrieval with SAC-SMA model top layer soil moisture and x is the size of shallow soils fraction within a pixel. The other major soil/vegetation type fractions do not exhibit significant relationships with ACTIVE soil moisture retrieval and SAC-SMA model top layer soil moisture estimate correlations. Further, it is not possible to define a statistically significant multiple linear regression model describing the dependency of major soil type fractions and ACTIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture estimates. As such, the exponential relationship between shallow soil fraction size and correlation with SAC-SMA model estimates is the single best predictor.
between ACTIVE soil moisture retrieval correlations with SAC-SMA model top layer soil moisture estimates and the size of the shallow soils fraction in a pixel. The relationship is given as:
where, y is the correlation of ACTIVE soil moisture retrieval with SAC-SMA model top layer soil moisture and x is the size of shallow soils fraction within a pixel. The other major soil/vegetation type fractions do not exhibit significant relationships with ACTIVE soil moisture retrieval and SAC-SMA model top layer soil moisture estimate correlations. Further, it is not possible to define a statistically significant multiple linear regression model describing the dependency of major soil type fractions and ACTIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture estimates. As such, the exponential relationship between shallow soil fraction size and correlation with SAC-SMA model estimates is the single best predictor. In Figure 8 , we provide corresponding diagrams of major soil/vegetation type fraction sizes against PASSIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture estimates. As with ACTIVE soil moisture retrieval analysis, a best fit trend line along with the In Figure 8 , we provide corresponding diagrams of major soil/vegetation type fraction sizes against PASSIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture estimates. As with ACTIVE soil moisture retrieval analysis, a best fit trend line along with the equation describing the relationship and with the R-squared value is also provided. For PASSIVE soil moisture retrievals, multiple relationships exist between major soil type fraction size and correlation with SAC-SMA model top layer soil moisture. In contrast to the ACTIVE soil moisture retrieval relationship with shallow soil fraction size, PASSIVE soil moisture retrievals exhibit a negative exponential trend (with an R-squared value of 0.4808) in correlation. The relationship is given as:
where, y is the correlation of PASSIVE soil moisture retrieval with SAC-SMA model top layer soil moisture and x is the size of shallow soils fraction within a pixel. The size of organic soil fraction size also exhibits a somewhat significant relationship with PASSIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture. In contrast to shallow soil fraction size, this relationship can be expressed with a positive exponential trend (with an R-squared value of 0.3614). The relationship is given as:
where, y is the correlation of PASSIVE soil moisture retrieval with SAC-SMA model top layer soil moisture and x is the size of organic soils fraction within a pixel. Dependencies also exist between the other (mineral soil and semi-organic soil) major soil/vegetation type fractions size and PASSIVE soil moisture retrieval correlation with SAC-SMA top layer soil moisture, but these relationships alone are rather weak (see Figure 8 ).
relationship can be expressed with a positive exponential trend (with an R-squared value of 0.3614). The relationship is given as:
where, y is the correlation of PASSIVE soil moisture retrieval with SAC-SMA model top layer soil moisture and x is the size of organic soils fraction within a pixel. Dependencies also exist between the other (mineral soil and semi-organic soil) major soil/vegetation type fractions size and PASSIVE soil moisture retrieval correlation with SAC-SMA top layer soil moisture, but these relationships alone are rather weak (see Figure 8 ). Since multiple soil/vegetation type fraction size relationships exist between PASSIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture, we perform exploratory statistical analysis to combine the individual relationships together with two multiple linear regression models that predict PASSIVE soil moisture correlation with the SAC-SMA model estimates. The two multiple linear regression models are described in Tables 6, 7 , and 8. The first model, in practice, describes the same relationship as is evident with individual soil/vegetation fraction size and PASSIVE soil moisture retrieval correlation with SAC-SMA model estimates, except with a higher R-squared value (0.5878). With PASSIVE soil moisture retrievals, the higher the organic Since multiple soil/vegetation type fraction size relationships exist between PASSIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture, we perform exploratory statistical analysis to combine the individual relationships together with two multiple linear regression models that predict PASSIVE soil moisture correlation with the SAC-SMA model estimates. The two multiple linear regression models are described in Tables 6-8 . The first model, in practice, describes the same relationship as is evident with individual soil/vegetation fraction size and PASSIVE soil moisture retrieval correlation with SAC-SMA model estimates, except with a higher R-squared value (0.5878). With PASSIVE soil moisture retrievals, the higher the organic soil fraction size and the lower the shallow soil fraction size, the higher the correlation with SAC-SMA model top layer soil moisture estimates are. The model is given as:
where, y is the correlation of PASSIVE soil moisture retrieval with SAC-SMA model top layer soil moisture, X 1 is the size of shallow soils fraction within a pixel, and X 2 is the size of organic soils fraction within a pixel. The second multiple linear regression model excludes the shallow soils fraction and predicts PASSIVE soil moisture retrieval with SAC-SMA model top layer soil moisture as a function of mineral, semi-organic, and organic soil tile fraction sizes. Although the model provides a slightly higher R-squared value (0.6114), the negative intercept value renders the model somewhat less meaningful, since a positive correlation is only achieved when approximately half of a pixel's total area consists of some other major soil type other than shallow soils. In practice, however, pixels with more than half the total area covered by shallow soils alone are rare and in-fact non-existent in the Sodankylä study domain, therefore rendering the model valid, albeit conceptually slightly less significant. The model is given as: y = −0.41 + X 1 0.65 + X 2 0.654 + X 3 0.889 (5) where, y is the correlation of PASSIVE soil moisture retrieval with SAC-SMA model top layer soil moisture, X 1 is the size of mineral soils fraction within a pixel, X 2 is the size of semi-organic soils fraction within a pixel, and X 3 is the size of organic soils fraction within a pixel. Table 6 . Fitting accuracy of regression models for describing ESA CCI SM PASSIVE product correlation with SAC-SMA model top layer soil moisture using major soil/vegetation type fraction sizes as the descriptive variables.
Model 1 Model 2
Multiple Table 7 . ANOVA results for the suggested models describing ESA CCI SM PASSIVE product correlation with SAC-SMA model top layer soil moisture using major soil/vegetation type fraction sizes as the descriptive variables. In addition to PASSIVE and ACTIVE soil moisture retrieval performance dependency on major soil/vegetation type tile fraction sizes, we also examine soil moisture inter-pixel cross-correlation for both products. We examine the degree to which soil moisture time series correlate between all pixels in the study domain, and whether there is any distance-based decay in such associations. Inter-pixel soil moisture cross-correlation is assessed by correlating each pixel's soil moisture time series with all other pixels in the study domain on a yearly basis (between the years 2003 and 2015). This results in a "pixel-pair" vector with 2485 cross-correlated members for each year and for both products. The distance between each pixel pairs' centre point is used to create a distance vector which is correlated with the pixel-pair cross-correlation vector as a measure of distance dependent correlation decay. By definition, the relationship (correlation) between the pixel-pair and distance vectors is negative, since pixel-pairs further away from one another tend to exhibit lower correlation-coefficients than pixel-pairs that are closer to one another.
Model
As part of the spatial association assessment, we also calculate the study domain wide average inter-pixel cross-correlation for each year as a measure of general soil moisture time series similarity between the pixels. The higher the domain wide average inter-pixel cross-correlation, and the higher the negative correlation between pixel-pair and distance vectors, the less variability there is between the pixels' soil moisture time series and the more of this variation can be explained solely by the distances between pixels. Conversely, the lower the domain wide average pixel-pair correlation, the more soil moisture time series variability there is between the pixels. Further, the lower the negative correlation between the pixel-pair and distance vectors, the more other factors in conjunction with distance determine inter-pixel cross-correlations. The yearly average inter-pixel soil moisture cross-correlation, as well as distance dependent correlation decay values, are provided in Table 9 . The relationship between individual pixel-pair vector member correlations and corresponding distance vector members is illustrated in Figure 9 . As a reference, we also compute the same spatial association metrics for FMI interpolated daily 10 km resolution precipitation observations, as well as SAC-SMA model top layer soil moisture estimates. Table 9 . Yearly, study domain wide average inter-pixel soil moisture cross-correlation and inter-pixel soil moisture cross-correlation dependency on (correlation with) distance between pixel-pairs for ESA CCI ACTIVE and PASSIVE soil moisture data and SAC-SMA top layer model soil moisture data, as well as spatial autocorrelation for FMI interpolated precipitation observations. Both the ACTIVE soil moisture product and FMI interpolated daily 10 km resolution precipitation observations exhibit high yearly average inter-pixel cross-correlations and high negative yearly inter-pixel cross-correlation with distance. This appears to indicate that nearby pixels' soil moistures tend to correlate with each other irrespective of the physiographic differences between them. Low spatial variability for precipitation in northern latitudes, such as in the Sodankylä region, is expected since the majority of precipitation events are known to be caused by precipitation fronts rather than by convective storm cells. However, this should not necessarily be the case for soil moisture, which is affected by not only meteorological conditions, but also by physiographic characteristics as well, which in the Sodankylä region exhibit considerable variation from ESA CCI SM pixel to pixel. This, and the very high dependency of these correlations to shallow soils fractions, as well as the known rapid response of these soil types to both precipitation and evaporation, raises the question that the relatively good performance of the ACTIVE product with SAC-SMA model top soil estimates may be good "for the wrong reasons". We therefore argue that it is possible that ACTIVE soil moisture retrievals likely respond mainly to direct changes in precipitation and possibly to moisture on vegetation surfaces rather than to actual moisture in the top soil layer. Although the correlation between PASSIVE soil moisture retrievals and SAC-SMA model top layer soil moisture is rather low, they both exhibit a similar, low negative correlation between pixel-pairs and distance. This, and the fact that the PASSIVE product appears to be responding to differences in soil type distributions between pixels, points to the greater ability of the PASSIVE product to represent changes in soil moisture over the ACTIVE product in the Sodankylä region. Figure 9 . Distance-based decay of inter-pixel soil moisture cross-correlation for ESA CCI ACTIVE and PASSIVE soil moisture data and SAC-SMA top layer model soil moisture data, as well as spatial autocorrelation for FMI interpolated precipitation observations.
Discussion
Our study shows that the SAC-SMA model exhibits a high correlation with in situ observations and can be considered as a reliable reference for ESA CCI SM evaluation in the Sodankylä region. Replacing in situ observations with SAC-SMA estimates using the same weighting scheme results in almost identical evaluation results with ESA CCI SM, although there is a clear tendency for simulated soil moisture to exhibit more fluctuation, particularly when all available SAC-SMA tiles are used. These fluctuations are particularly noticeable during "dry down" periods. However, since ESA CCI SM product evaluation is performed solely through correlation coefficients, we only assess the Both the ACTIVE soil moisture product and FMI interpolated daily 10 km resolution precipitation observations exhibit high yearly average inter-pixel cross-correlations and high negative yearly inter-pixel cross-correlation with distance. This appears to indicate that nearby pixels' soil moistures tend to correlate with each other irrespective of the physiographic differences between them. Low spatial variability for precipitation in northern latitudes, such as in the Sodankylä region, is expected since the majority of precipitation events are known to be caused by precipitation fronts rather than by convective storm cells. However, this should not necessarily be the case for soil moisture, which is affected by not only meteorological conditions, but also by physiographic characteristics as well, which in the Sodankylä region exhibit considerable variation from ESA CCI SM pixel to pixel. This, and the very high dependency of these correlations to shallow soils fractions, as well as the known rapid response of these soil types to both precipitation and evaporation, raises the question that the relatively good performance of the ACTIVE product with SAC-SMA model top soil estimates may be good "for the wrong reasons". We therefore argue that it is possible that ACTIVE soil moisture retrievals likely respond mainly to direct changes in precipitation and possibly to moisture on vegetation surfaces rather than to actual moisture in the top soil layer. Although the correlation between PASSIVE soil moisture retrievals and SAC-SMA model top layer soil moisture is rather low, they both exhibit a similar, low negative correlation between pixel-pairs and distance. This, and the fact that the PASSIVE product appears to be responding to differences in soil type distributions between pixels, points to the greater ability of the PASSIVE product to represent changes in soil moisture over the ACTIVE product in the Sodankylä region.
Our study shows that the SAC-SMA model exhibits a high correlation with in situ observations and can be considered as a reliable reference for ESA CCI SM evaluation in the Sodankylä region. Replacing in situ observations with SAC-SMA estimates using the same weighting scheme results in almost identical evaluation results with ESA CCI SM, although there is a clear tendency for simulated soil moisture to exhibit more fluctuation, particularly when all available SAC-SMA tiles are used. These fluctuations are particularly noticeable during "dry down" periods. However, since ESA CCI SM product evaluation is performed solely through correlation coefficients, we only assess the performance of the SAC-SMA model through correlation with in situ observations. The "dry down" period differences between in situ observations and the SAC-SMA model do not have a meaningful effect on the correlation between the two, since both detect "dry down" periods occurring at the same time, at least in most cases. In addition to "dry down" period differences, some challenges and issues relating to organic soil representation with the SAC-SMA model also exist. These issues are, however, not clear-cut, since there may also be issues in measuring organic soil (bog) soil moisture with Decagon ECH2O 5TE probes; this has been studied and discussed at length in [21] . Although the model used in this study exhibits a good correlation with in situ site soil moisture observations in general, further studies concentrating solely on modelling and measuring soil moisture fluctuations over organic soils are required. Therefore, the results and exploratory statistical analyses presented in this study need to be considered as somewhat preliminary, and should serve as a basis for future studies.
The overall results provided in this study show a far better ESA CCI SM product correlation to the used reference soil moisture dataset than previous studies have shown for boreal environment sites. This is likely due to two key factors; 1) previous studies have used either individual in situ observation sites with a limited consideration of the local representativeness of these sites, and little to no attention has been placed on the spatial scale issues involved in comparing point observations to a product representing a much larger footprint; and 2) other evaluation studies utilize global scale Land Surface Model top layer soil moisture estimates as the reference dataset, which in themselves may contain large uncertainties and are not necessarily capable of accurately reproducing soil moisture conditions that reflect local small-scale variations.
The ESA CCI SM COMBINED product consists of an increasing amount of PASSIVE retrievals towards the latter years of our analysis period, although ACTIVE retrievals would clearly offer a higher average aggregate correlation to at least SAC-SMA top layer soil moisture estimates. As other studies have found (e.g., [1] ), there exists a clear positive trend in improved soil moisture retrieval accuracy towards the later part of the analysis period for both ACTIVE and PASSIVE products. The COMNIED product clearly offers the most stable performance when compared to both PASSIVE and ACTIVE retrievals, although it contains the least amount of observations. This may, however, also be a key factor in achieving the more stable performance.
One of the most intriguing findings uncovered in the study is the high negative correlation between pixel-pair soil moisture time series and distance (i.e. high inter-pixel cross-correlation dependency on distance) of the ACTIVE soil moisture product. Further, the ACTIVE product exhibits a high average study domain wide inter-pixel soil moisture time series cross-correlation, which in itself is suspicious when considering that neighbouring pixels even with very different soil/vegetation type distributions correlate to a high degree with each other. Some correlation is of course expected since top soil moisture, in particular, is heavily influenced by precipitation, but for this to occur with neighbouring cells with very different soil/vegetation type distributions is suspicious. In fact, the ACTIVE product's inter-pixel soil moisture cross-correlation dependency on distance resembles that of precipitation. Therefore, it is possible, and even reasonable, to suspect that the ESA CCI ACTIVE soil moisture product actually represents moisture changes in vegetation, tree canopies, and so on. Many other previous studies (e.g., [22, 23] ) have also come to similar conclusions. The exclusion of the ACTIVE product, for most pixels during the latter years of the analysis period, in producing the COMBINED product is therefore reasonable. However, there might be other additional reasons for the exclusion of the ACTIVE product in the COMBINED product, which are not investigated as part of this study. In contrast, the PASSIVE and SAC-SMA models exhibit a fairly low negative inter-pixel soil moisture cross-correlation dependency on distance. The ESA CCI PASSIVE soil moisture product correlates well with pixels containing large organic soil fractions. Organic soils (bogs) tend to react slowly to precipitation and represent soil moisture change as a smooth trend. Since organic soils represent a trend, correlation to this is as a positive thing. The PASSIVE product also exhibits poor correlation with pixels containing large fractions of shallow soils, i.e., rapidly responding type soils. This suggests that the ESA CCI PASIIVE product is able to, in most cases, capture the temporal trend in soil moisture variation. However, although the trend is seemingly captured, the rapid response to precipitation events is less accurate. With the ACTIVE product, although there is a very significant dependency on shallow soils fraction size to SAC-SMA model correlation, there is no other statistically significant soil/vegetation type predictor that explains ESA CCI ACTIVE SM product performance. This and the high degree of inter-pixel, distance-based spatial association are strong indicators that the ACTIVE product's soil moisture fluctuations are largely unresponsive to changes in soil types between the pixels. It should, however, be noted that the relatively large measurement footprints, with magnitudes of tens of kilometres, of both the ACTIVE and PASSIVE soil moisture retrieval sensors used to derive the ESA CCI SM products, may be partly to blame for the high inter-pixel distance-based spatial associations found in our study. In particular, this is relevant when considering that the ESA CCI SM product pixels are in comparison relatively small at only 26 by 10 km. Further studies focusing on inter-pixel distance-based spatial association should be conducted with the original EO-datasets used to derive the ESA CCI SM products and with a much larger study domain.
Since part of our main findings show, albeit not conclusively, a clear reverse shallow soils-organic soils type dependency between ACTIVE and PASSIVE soil moisture retrieval correlation with SAC-SMA model top layer soil moisture, we suggest that further studies by conducted to determine if future versions of the ESA CCI SM COMBINED product could possibly benefit from sub-pixel information on the distribution of these two soil types. As with any exploratory statistical analysis, hidden underlying or unexplored factors affecting the outcome of the statistical analysis presented here may exist, and before these results can be considered as "proof-positive", further studies are required. If other studies are able to corroborate our findings, information on sub-pixel soil types could be used to improve the ESA CCI SM COMBINED product's performance over boreal environments. Instead of relying purely on triple collocation analysis with GLDAS-Noah v1 land surface model soil moisture estimates to determine the distribution of weights between ACTIVE and PASSIVE soil moisture retrievals in producing the COMBINED product, certain a-priori weight ranges could be assigned to each pixel individually based on the sub-pixel fraction of organic and shallow soils distributions. Our multiple regression model results could be used as a basis for further studies into this possibility. In future evaluation studies, it may also be beneficial to include GLDAS-Noah v1 model soil moisture estimates as a part of the evaluation process. Further, the causes for the rather dramatic fluctuations in both ACTIVE and PASSIVE soil moisture retrievals performance against SAC-SMA model top layer soil moisture between the analysis years should be investigated.
Supplementary Materials: Data from the in situ observation stations are freely available from the web server of the Finnish Meteorological Institute http://litdb.fmi.fi. The ESA CCI soil moisture data used in this study are freely available to the public and can be accessed through http://www.esa-soilmoisture-cci.org/node/145. Corine land cover data are freely available through The European Environment Agency (EEA) at http://www. eea.europa.eu/data-and-maps/. Finnish Quaternary deposits map data are available through the Geological Survey of Finland (GTK); http://www.gtk.fi/tietopalvelut/rajapintapalvelut/. Agrifood Research Finland (MTT) soil database data (1:250 000) are available through a WFS-service provided by the Natural Resources Institute Finland; http://maps.luke.fi/geoserver/.
